AS the population ages, a growing number of older adults A . are being cared for in long-term care (LTC) facilities (Kemper & Murtaugh, 1991) . The quality of care provided in these settings is a major determinant of the quality of life of the residents (Challiner, Julious, Watson, & Philp, 1996; Pearson, Hocking, Mott, & Riggs, 1993) . Over the last decade, regulations have been implemented in many jurisdictions with the objective of improving the quality of medical and nursing care provided to the elderly (Hawes et al., 1997; Spector & Takada, 1991) . Despite these efforts, variations in quality of care remain, as do calls for innovative interventions aimed at enhancing the ability of LTC facilities to deliver good care (Kane & Kane, 1988; Phillips, 1991; Sainfort, Ramsay, & Monato, 1995; Shapiro & Tate, 1995; US General Accounting Office, 1989; Zinn, Aaronson, & Rosko, 1993) .
Knowledge of the determinants of care quality in institutional settings is a prerequisite to the development of efficient interventions. The scientific literature provides some information in this regard (for recent reviews, see Davis, 1991, and Cefalu, 1995) . However, more research is needed, given the inconsistency of the results obtained to date. Moreover, in the vast majority of studies, the facility is the unit of analysis. Although justified when the goal is to identify facility characteristics related to the prevalence of some negative outcome, these studies provide little insight into resident-level variables that may interact with facility-level variables to affect the provision of high quality care.
This article reports the results of an exploratory analysis designed to identify correlates of the quality of care provided to impaired older adults by residential care facilities. Its originality lies, in part, in the rich array of factors investigated, which includes attributes of both the resident and the facility. A second distinctive feature of the research reported here pertains to the scale employed to measure quality of care. In agreement with Donabedian's well known quality assessment paradigm, the scale captures structural, process, and outcome aspects of the quality of long-term care (Donabedian, 1980 (Donabedian, ,1982 . But most importantly, what distinguishes our work from that of others is the use of hierarchical linear models (Lindley & Smith, 1972) to disentangle the effects of person-and facility-related characteristics on the quality of care provided to individual residents.
Multilevel methodology has been used extensively in some areas of inquiry, notably in sociological research and econometrics (Goldstein, 1987) . To our knowledge, it has not been applied in studies of the determinants of care quality in institutional settings. Yet multilevel models, also called mixed-effects (Littell, Milliken, Stroup, & Wolfinger, 1996) or random-coefficient models (Longford, 1993) , are particularly suited for understanding the complex interactions between various factors presumed to affect the quality of nursing home care. First and foremost, the use of such models resolves two methodological issues that occur in research conducted in institutional settings. The first, a design issue, follows from the fact that data gathered on multiple residents from the same facility tend to be correlated. Although cluster sampling is less efficient from a statistical point of view, it is often justified on practical and financial grounds (Lehtonen & Pahkinen, 1995) . However, in order to draw valid statistical inferences, the sampling design has to be taken into account. Ignoring the cluster effect violates the assumption of independent responses required by traditional regression methods. As a result, the standard error of the effect of a variable on the outcome of interest is underestimated, leading to an inflation of the probability of a Type I error (Raudenbush & Bryk, 1983) .
The design issue can be dealt with by using special estimation methods such as those implemented in SUDAAN (Shah, Barnwell, & Bieler, 1996) . However, these methods ignore the second issue, which pertains to the type of factors presumed to influence the quality of nursing home care. It is reasonable to assume that attributes of the resident may affect the quality of care he or she receives from the facility. Some residents are more difficult to care for than others, particularly those whose health condition requires a high level of attention from the staff. Arguably, an elderly resident with severe cognitive deficits and P180 Downloaded from https://academic.oup.com/psychsocgerontology/article-abstract/54B/3/P180/614230 by guest on 26 April 2019 a tendency to wander is more demanding than a bedridden resident. On the other hand, attributes of the organizational setting may also have an impact on the ability of the facility to address a resident's health care needs. In other words facility-level variables, such as the richness of staff or its caseload, may modify the way individual characteristics are related to the outcome under investigation. The simultaneous study of resident-and facility-level variables calls for a statistical approach that accounts for the nested (or hierarchical) structure of the data. Hence the need for hierarchical models.
Given that results from multilevel analyses have seldom appeared in the gerontological literature, we devote the next section to a brief review of the basic features of hierarchical modeling. A more comprehensive treatment of the subject can be found in Bryk & Raudenbush (1992) and in Goldstein (1995) . We then present an application of hierarchical modeling to the study of the correlates of care quality in LTC facilities.
Hierarchical linear models
The simplest form of a multilevel model consists of two equations, a within-and a between-unit model (Raudenbush & Bryk, 1983) , also called level 1 and level 2 models. In the within-unit model, an outcome Yy is expressed as a linear function of various characteristics X^ and random error r^:
Throughout, we assume that there are i = 1,..., nj level 1 units nested within j = 1,..., J level 2 units. In equation (1), Yy represents the i* observation in the j * unit. In the application below, Yŝ tands for the quality score assigned to resident i in facility j . The regression coefficients (3^ are structural relations occurring within unit j that model the effects of the X^ variables on the outcome. For example, if X Hj is a measure of the level of autonomy of resident i in facility j , (3^ captures the extent to which the resident's autonomy affects the quality of care he or she receives from the facility. The error term r y -represents a unique effect associated with person i in unit j . Typically, r u -is presumed to be normally distributed with mean 0 and variance CT 2 , an assumption often satisfied when the outcome variable is continuous.
A distinctive feature of hierarchical modeling is that the structural relationships are presumed to vary across units. In other words, each unit j has its own regression equation, that is, its own intercept (3 Oj and set of slopes (3 lj5 (3 2j ,..., (3^. The purpose of a multilevel analysis is often to explain the variability in these parameters, using characteristics of the level 2 units. This feature is represented by a between-unit model that describes the variability in each structural parameter, (3^, as a function of level 2 variables W-; and random error u ni :
The 7 qs coefficients (s = 0,1,..., S q ) measure the effects of level 2 variables W sj on the structural relations within units. In the application later, for instance, one of the Ws documents-the presence of nursing staff, a characteristic hypothesized to affect the ability of LTC facilities to care for impaired older adults. For each level 2 unit j , the vector of error terms (uq, u lj5 ..., Uq)' follows a multivariate normal distribution with mean E(Uqj) = 0 and variance Var (u^) = r. The conceptual framework described previously is restricted to a two-level hierarchical linear model. It can be extended easily to higher-order models in order to accommodate the particular nested structure of a given data set. For example, a three-level model would be needed to analyze data collected on residents nested within nursing homes which, in turn, are nested within geographical locations such as communities, states, or countries (Bryk, Raudenbush, & Congdon, 1996) . Such a model would also be required in the context of repeated measurements collected on a set of individuals nested within some organizational unit, such as a medical clinic. The level 1 units are the repeated observations over time, which are nested within the level 2 units of persons, who, in turn, are nested within the level 3 units of clinics. In the context of hierarchical modeling, each naturally occurring level in the data structure is represented by its own submodel that describes the structural relations occurring at that level.
After defining the equation specific to each level of the hierarchy, the next step involves parameter estimation and hypothesis testing. Three kinds of parameters are estimated under a twolevel hierarchical linear model: the random-varying level 1 coefficient Oqj), the fixed level 2 coefficients (7 qs ), and the variancecovariance components (CT 2 at level 1 and r s at level 2). Methods of estimation vary slightly from one computer program to the next (Kreft, de Leeuw, & Kim, 1990) . For the present study, models were fitted using the HLM statistical package developed by Bryk and colleagues (1996) . Their estimates of the |3s are empirical Bayes estimates (Morris, 1983) , also referred to as shrunken estimates (James & Stein, 1961) . In essence, each (3î s a weighted composite of two estimates: the first is based on the data from unit j , and the second on data from other similar units. Thus, the estimation method implemented in HLM borrows strength from data recorded in other level 2 units when estimating the regression equation unique to each unit. It should be noted that the numerical values of the (3s are rarely of substantive interest. Rather, the researcher's interest generally lies in the amount of variation among level 2 units in their regression equation, and in the identification of covariates for explaining such variation. The effects of these covariates are characterized by the fixed level 2 coefficients, which are estimated via a generalized least square approach (Goldstein, 1986 ) that accounts for the fact that the sample sizes n, vary across units. Lastly, variance-covariance components are estimated via a restricted maximum likelihood procedure (Dempster, Laird, & Rubin, 1977) , which adjusts for the uncertainty about the fixed effects.
Corresponding to the three basic types of parameters are hypothesis-testing procedures that guide the investigator in building the level 1 and level 2 models, t ratios are used for testing effects of level 1 (IL; (3^ = 0 vs H,: (3^ * 0) and level 2 (H^ 7= 0 vs H,: 7 sq ^ 0) predictors. Hypothesis testing for variance components (Ho: T= 0 vs H,: T> 0) involves the chi-square distribution with J -S q -1 degrees of freedom.
Having summarized the main features of hierarchical modeling, we now return to the main objective of the article, which is to report the results of applying HLM to the study of the quality of care provided in homes for the aged.
METHODS

Source of Data
The data used for the analysis originate from a study of the quality of care provided in regulated and unregulated residential care facilities (Bravo, Charpentier, Dubois, De Wals, & Emond, 1998) . The study was conducted in the Eastern Townships, Province of Quebec, Canada. The target population was composed of all impaired individuals, aged 65 and older, who had been living in a long stay facility for at least three months. Study participants were chosen according to a stratified, two-stage sampling scheme, with facilities corresponding to primary sampling units and residents to secondary units. Two factors were used for stratification: facility size and regulatory status. In each stratum, we randomly selected a predetermined number of facilities, from which we randomly selected a predetermined number of residents. The number of residents selected from a given facility varied with the size of the facility and ranged from two in those housing less than ten residents to ten in those caring for more than 60 residents.
All facility managers (n = 88) elected to take part in the study, which entailed being interviewed for descriptive information on the facility (e.g., occupancy rate, profile of the clientele, staffing, etc.), and agreeing to hand over the list of their residents. Among the residents selected randomly from these lists, 96% were enrolled in the study (n = 301). Participants were comparable to non-participants, except for their lower cognitive abilities as reflected by the need to obtain informed consent from a legal guardian or family member.
Data Collection and Instruments
Every participating resident was visited twice by a nurse or social worker who had received prior training in using the measurement tools chosen for the study. Data collection was conducted by five assessors randomly assigned to the 88 facilities. Each rater had prior experience in assessing frail older adults. Training sessions lasted four days, with two full days devoted to the assessment of the quality of care provided. The two visits to a resident were one week apart and lasted approximately two hours. One of the two visits took place in the absence of any staff member from the home. It was hoped that this would allow the residents to speak more freely about their living conditions. The other visit took place partially in the presence of staff working with the resident in order to assess the quality of their interactions. Observation periods were not planned ahead of time. However, the assessors were instructed to visit the residents at various times of the day in order to maximize the chance of observing the staff interactions with the residents. Although the presence of the assessor in the home may have modified the usual behavior of a caregiver, research on elder abuse suggests that this phenomenon rarely occurs in practice (Pillemer & Moore, 1989) .
The visits served to gather sociodemographic information on the residents, measure their level of functional and cognitive impairment, and assess the quality of their care. Functional status was assessed with the revised version of the Functional Autonomy Measurement System (SMAF) (Hebert, 1997) , and cognitive abilities with the Modified Mini-Mental State Examination (3MS) (Teng & Chui, 1987) . The SMAF evaluates the subject's ability to accomplish 29 functions covering five sectors of activity: activities of daily living, mobility, communication, mental functions, and instrumental activities of daily living. Each function is rated on an ordinal scale ranging from 0 (complete autonomy) to 3 (total dependency). Therefore, total scores range from 0 to 87. The 3MS is a revised version of Folstein's MMSE (Folstein, Folstein, & McHugh, 1975) . It comprises 15 items assessing orientation to place and time, attention, memory, language, and visuographic abilities. Total scores range from 0 (worst) to 100 (best). The SMAF and the 3MS have both been shown to be reliable and valid in various elderly populations (Bravo & Hebert, 1997; Desrosiers, Bravo, Hebert, & Dubuc, 1995; Grace et al., 1995; Hebert, Carrier, & Bilodeau, 1988; Lamarre & Patten, 1991) .
While collecting these data, the assessor paid particular attention to physical and affective indicators of care quality such as the resident's general appearance, condition of his or her skin, nutritional status, hydration, affect, and socialization activities. The assessor then visited the areas in which residents spent their time, paying special attention to the safety and cleanliness of the premises, privacy, and stimulating aspects of the physical and human environment. If a person was considered unable to actively participate in the interview because of severe cognitive deficits, the assessor relied on her own observations and on information provided by the caregivers to assess the resident's autonomy and the quality of care received.
Quality of care was measured with the QUALCARE Scale, a multidimensional instrument comprising 54 items that assess care in six important areas: environmental, physical, medical management, psychosocial, human rights, and financial (Phillips, Morrison, & Young, 1990a) . Each item is scored on a 5-point scale from 1 (best possible care) to 5 (worst possible care), hi order to maximize the reliability of the scoring system, examples are given with each item to illustrate the meaning associated with each end of the scale. Item ratings are assigned retrospectively, after spending time going through the facility, directly observing and interacting with the residents and their care providers. A global quality score is derived by averaging the ratings assigned to each item on the scale. Thus, for the purpose of analysis, quality of care is a continuous variable whose values range from 1 to 5. Validation studies conducted on the QUALCARE Scale provide evidence of its reliability and validity (Phillips, Morrison, & Young, 1990b; Bravo, Girouard, Gosselin, Archambault, & Dubois, 1995) .
Correlates of Care Quality
Factors potentially associated with the quality of care provided to a resident were identified through an extensive literature review. Any factor that was irrelevant in the context of the Quebec Health Care System was discarded. These include the proportion of residents who were Medicare beneficiaries (Aaronson, Zinn, & Rosko, 1994; Johnson-Pawlson & Infeld, 1996; Karuza & Katz, 1994) and the existence of an ombudsman program (Cherry, 1991 (Cherry, , 1993 Litwin & Monk, 1987) . Because all facilities involved in the study were from the same geographical area, we also had to exclude factors describing regional characteristics, such as the bed supply in the vicinity of the facilities (Nyman, 1989) or the unemployment rate (Pillemer, 1988) . As these variables are constant across facilities, they have no discriminatory power. Table 1 presents the list of factors retained for analysis and a summary of their distribution. A total of 25 basic variables were investigated: 8 at the first level and 17 at the second level. All second-level variables were constructed from the information provided by the facility manager who was the person responsible for managing the care within the facility. In particular, managers were asked about their formal training (e.g., nursing, social work, administration) and whether they had prior experience in caring for frail older adults. They were also asked for a list of the profes-sionals hired by the facility, if any. Counted as professional caregivers were registered nurses, physiotherapists, occupational therapists, and dietitians. Most other variables listed in Table 1 are self-explanatory. Exceptions are the number of services provided, the number of external collaborators, and the overall functional level of the clientele. A facility was given 1 point for each service provided among the following: leisure activities, transportation, management of medication, assistance with ADLs, psychosocial services, rehabilitation services, and nursing care. Hence, the number of services provided was a composite index ranging from 0 to 7. The number of external collaborators was defined in a similar way, with 1 point given to a facility that entertains regular contacts with: a doctor or medical clinic, a home care agency, a long-term care facility, an acute-care institution, a community group, and similar organizations, for a total score between 0 and 6. Lastly, the overall functional level of the clientele living within a facility was a composite score ranging from 1 to 4 and defined by the following equation: The decrease in sample size from 88 facilities to 87 is due to missing 3MS scores for both residents sampled from one of the small facilities.
(4 X % of totally independent residents) + (3 X % of residents needing intermittent assistance with some activities) + (2 X % of residents needing regular assistance due to functional limitations) + (1 X % of residents with physical or psychosocial disabilities). Accordingly, the lower the score, the heavier the caseload for the facility staff.
In addition to the predictors listed in Table 1 , six cross-product terms involving level 2 variables were investigated for their effect on care quality: Regulatory status X Size, For-profit status X Size, Regulatory status X Overall functional level, Nursing training X Overall functional level, Prior experience X Overall functional level, and Presence of nursing staff X Overall functional level. The decision to study these interactions was motivated by results from prior research (Aaronson et al., 1994; Cherry, 1991; Riportella-Muller & Slesinger, 1982) , as well as by the belief that the overall functional level of the clientele could modify the effect of certain facility-related variables on care quality.
Statistical Analyses
Paralleling the approach advocated by Bryk and Raudenbush (1992) , the multilevel analysis had four main steps. The first involved partitioning the total variability in quality scores into its within-and between-facility components. This was accomplished by fitting a one-way ANOVA model with random effects defined by the following two equations: Under these models, /S^ is the mean quality score for the j * facility, while 7oo represents the grand mean in the population. The analysis produces maximum likelihood estimates of o 2 and TQQ, which are helpful in assessing the exploratory power of subsequent models. These results also serve to estimate the intraclass correlation p, a measure of the degree of dependency among the observations recorded within a facility p = % / (foo + a 2 ). Further, the analysis provides a chi-square test of the null hypothesis H o : %) = 0 which indicates whether the mean quality score varies across facilities. Finally, the analysis gives an estimate of the reliability of the facilities' sample means as estimates of their true means: A = J-1 2 [foo / (% + cr
Step 2 involved identifying attributes of the resident (level 1 variables) with a significant effect on the outcome. This was done by first fitting a series of univariate models, one for each level 1 predictor listed in Table 1 . Formally, each model was defined by a set of three equations: For ease of interpretation, continuous predictors were centered around their respective grand mean. When Xy is defined in this way, jSqj becomes the adjusted facility mean. The parameter yr epresents the overall mean of the outcome and y 10 the average within-facility regression coefficient across the facilities. Attributes of the resident retained for inclusion in a multivariable level 1 model were those for which at least one of the following hypotheses was rejected at the 10% significance level:
HQ: jSy = 0 and H^ r n = 0. Acceptance of both hypotheses implies that the average effect of Xy on the outcome is null, and that the effect is constant across facilities. Therefore, there is no need to include this attribute in subsequent models. The next step involved determining which facility-level variables were significant predictors of the intercept, /3QJ, and slopes, /3qj. Again, a data reduction approach was deemed necessary given the large number of potential predictors in comparison to the relatively small number of facilities. The models fitted were of the form: AD = 7qo + 7 q i Wy + Uqj , Uqj ~ N (0,^).
Basic predictors retained for inclusion in a multivariable between-facility model had to be significant at the 10% level. However, interaction terms were retained only if found significant at the 5% level, when considered in the presence of their lower terms.
The final step of the analysis pertained to the tenability of the assumptions underlying hierarchical modeling and the identification of influential observations. Distributional assumptions and outliers were investigated using the residuals created by HLM. Plots of residuals versus various covariates were used to determined whether important variables had been omitted or nonlinear relationships ignored.
As mentioned previously, analyses were carried out using the HLM program of Bryk and associates (1996) , which has special requirements regarding the distribution of missing data. The limited amount of missing data at the resident-level was treated with pairwise deletion in forming the sufficient statistics matrix. No data was missing at the facility level. However, in one of the small facilities, the 3MS score was missing for both sampled residents. As a result, this facility was excluded from all analyses. Finally, all analyses employed normalized weights at the second level in order to obtain unbiased estimates of population parameters. Observations were weighted inversely proportional to their probability of selection.
RESULTS
The result of fitting a one-way ANOVA model with random effects is given in Table 2 . The average quality score across facilities is 1.64 with a standard error of 0.056, leading to a 95% confidence interval of 1.64 ± 1.96 X 0.056 = (1.53,1.75). Also listed are the maximum likelihood estimates of the variance components. At the resident level, fr 2 = 0.055. The estimated variability of the facility means is f m = 0.25. These estimates indicate that most of the variation in quality scores is between-facilities.
Moreover, this variation is significant as implied by the low/? value associated with the x 2 statistic. Hence, there is significant variability among facilities in the quality of care they provide to their residents. Two other parameters can be derived from the results reported in Table 2 : the intraclass correlation p = 0.82, and the overall reliability A = 0.92. The large p value reflects the high degree of correlation in quality scores attributed to residents sampled from the same facility; the large A value indicates that the sample means tend to be quite reliable indicators of the true facility means, despite the small number of residents assessed within each facility. Table 3 provides the results of fitting univariate level 1 models linking quality scores to attributes of the residents. When each attribute is considered separately, thereby ignoring the confounding effect of other attributes, four are found to influence the quality scores assigned to the residents: gender (p = 0.063), socioeconomic status (p = 0.003), cognitive functioning (p < 0.001) and functional autonomy (p < 0.001). Furthermore, the results reported in the third panel of Table 3 indicate that the regression coefficient Unking the predictor to the quality scores varies significantly among facilities, except for gender (p = 0.191).
After identifying four correlates of the quality of care, we went on to fitting multivariable level 1 models to determine which predictors were significant in the presence of others. Given that cognitive functioning had the most exploratory power (c.f., last column of Table 3 ), a step-up approach was undertaken, adding one predictor at a time to a model which already included the 3MS score. Results indicate that once cognitive functioning has been taken into account, no other predictor significantly affects the quality scores. In all cases, the increment in the percentage of variation explained was less than 0.01. This result is not surprising given the lack of variation in two of the predictors (gender and socioeconomic status) and the high correlation between SMAF and 3MS scores (Pearson's r = -0.78). Hence, following step 2 of the analysis, the within-facility model was limited to one predictor, cognitive functioning, whose effect on the outcome, quality of care, was found to vary significantly across facilities. The next step involved identifying facility-related variables which could explain (i.e., reduce) this variability.
Results from testing one level 2 predictor at a time for its effect on the intercept jSq, and slope jS^, are presented in Table 4 . Among the 23 predictors investigated, nine were found to have a significant effect on /3 Oj , the adjusted facility mean quality score, and eight had a significant effect on jSy, the care quality -3MS slope. To make them easier to locate in Table 4 , the/? values associated with these predictors are printed in bold face.
To illustrate interpretation of these results, we can consider the significant effect of the variable "Nursing training" on both the intercept j8 Oj and slope (5 X] . The three equations leading to these results were: Yy = / 3QJ + jSy (Cognitive functioning) + rAs = 7oo + 7oi (Nursing training) + uÂ ij = 7io + Tn (Nursing training) + u,j.
Replacing the parameters appearing in the intercept and slope equations by their estimates leads to the following equations: j8bj = 1.76 -0.37 (Nursing training) = -0.005 + 0.003 (Nursing training).
The variable "Nursing training" was coded 1 if the facility manager had received such training and 0 otherwise. Given that the coefficient of the variable is negative for the intercept model, facilities managed by an individual with formal nursing training have a lower intercept, and thus provide, on average, care of higher quality. If we recall the coding of the outcome, values close to one are indicative of better care. On the other hand, the positive coefficient of the variable for the slope model has the effect of pulling the slope toward zero. Hence, in facilities managed by a trained individual, the quality of care provided tends to be less influenced by the level of cognitive impairment of the residents. This result is represented graphically in Figure 1 . In facilities managed by an untrained person, the relationship between care quality and cognitive impairment is negative: residents with severe cognitive deficits receive care of lesser quality. The slope is less steep in facilities with a trained manager. In other words, these facilities tend to be more efficient in providing care to their residents whose mental abilities have deteriorated.
While several factors were found to affect the regression equation linking cognitive functioning to care quality, many of these factors are interrelated. Consequently, not all were expected to remain significant when tested in the presence of others. The end result of building multivariable level 2 models is summarized in Table 5 . Two predictors had a significant and independent effect on the intercept: the number of external collab- orators and nursing training. As expected, facilities with more outside collaborators and those managed by an individual trained in nursing tend to provide care of higher quality. These two factors also tended to decrease (i.e., pull toward 0) the relationship between cognitive impairment and care quality. Two other factors were found to influence this relationship: facility size and average age of the clientele. Facilities housing a large number of residents tend to experience more difficulties in caring for those with cognitive deficits. In other words, the slope linking the level of cognitive functioning to the quality score is steeper in large size facilities, as shown in Figure 2 . On the other hand, the relationship between cognitive functioning and care quality is slightly weaker in facilities where the average age of the residents is highest. Perhaps these residents form a more homogeneous group to care for than those of lower average age. The last piece of information produced by the analysis pertains to the variance components. According to the results reported in the lower panel of Table 5 , no variation in the slopes remains to be explained once the four predictors have been included in the model describing the relationship between cognitive functioning and care quality. However, only part of the variation in the intercept across facilities is accounted for by its two predictors. From 0.24 when no level 2 predictors were considered, the variance component was reduced to 0.19 when taking into account the number of external collaborators and the manager's training, a decrease of 21%. Hence, most of the observed variation in the mean quality of care provided by LTC facilities is due to unmeasured characteristics.
Examination of various plots involving the residuals provided no strong evidence that any of the model assumptions were violated. However, small size facilities had slightly larger residuals, an expected result given the small number of residents sampled from these facilities. Figure 2. Regression lines linking 3MS scores to quality scores, for small (1 to 9 residents), medium (10 to 39 residents) and large (40 or more residents) facilities. The coefficients defining the regression lines are given in Table 5 . Lines were drawn with the predictor centered around its grand mean. Facility size was based on the median number of beds: 5.5 for small-size facilities, 22 for medium-size facilities and 59 for large-size facilities. Reminder: Quality scores closer to 1 are indicative of better care. adults living in LTC facilities. Such an analytical approach requires the investigator to specify how exploratory variables measured at the second level of aggregation influence the distribution of outcomes at the next, lower level. Further, it enables the researcher to test the null hypothesis of no random variation among facilities and, when this hypothesis is rejected, to seek explanations for such variations. By accounting for the withinfacility correlation between quality scores assigned to sampled residents, the analysis provides unbiased information about the determinants of care quality and their interrelationships, thereby contributing to our understanding of the complex and dynamic process that characterizes the provision of long-term care. At the resident level, the variable found to have the strongest link to care quality was the level of cognitive functioning. This result underscores the difficulties inherent in providing care to residents with diminished mental capabilities. Future studies should investigate ways to surmount these difficulties, perhaps by enhancing caregivers' knowledge about cognitive deficits, and their skills in meeting the needs of residents with cognitive impairment. Although mental capability is linked to care quality, our results indicate that this relationship is not constant across facilities. This implies that cognitive functioning matters more in some facilities than in others. A strong argument in favor of using hierarchical modeling is its ability to shed some light on the type of facilities in which this relationship is strongest.
Results from building level 2 models provide evidence that the number of external collaborators that regularly interact with a facility and the type of training the person in charge has play a central role in the quality of care provided, as well as in the link between that outcome and cognitive functioning. The study also suggests that the size of the facility and the age distribution of its clientele modify the association between a resident's mental capability and the quality of care he or she receives from the facility. Larger facilities are more likely to have a heterogeneous group of residents, that is, heterogeneous with regards to their care needs. As a result, less attention may be paid to the special needs of those suffering from cognitive deficits. The reverse holds in facilities serving a clientele whose average age is high. Given the increasing prevalence of cognitive loss with age, such a clientele may be formed mainly of cognitively impaired residents with more uniform needs.
While facility size and the age distribution of the clientele are two variables that cannot be modified directly, the other two predictors are amenable to interventions designed to improve the provision of care. The observed association between the number of external collaborators and care quality suggests the need to counteract the isolation experienced by some facilities by establishing better channels of communication linking these facilities to other constituencies of the health care system. Formal mechanisms should be developed that allow a facility to seek help when experiencing difficulties in responding to the needs of cognitively impaired residents. Yet, for such a mechanism to be effective, the facility has to be aware of its difficulties-a totally different issue not addressed in this study. On the other hand, the observation that better care is provided in facilities managed by a trained individual underscores the relevance of designing and testing means to enhance the skills and knowledge of the person in charge. Such training should focus on the special needs of the cognitively impaired because they are among the most difficult to care for.
Notwithstanding the potential impact of these interventions, it must be borne in mind that a large proportion of the observed variability in quality scores remains unexplained and, hence, must be attributable to unmeasured characteristics. Research to identify these factors and their interrelations must thus continue. Lastly, our findings must be confirmed using larger data sets as well as in other territories where the organization of long-term care services differs from that in Quebec.
